Abstract. We describe a novel medical image coder that adopts a hybrid wavelet deringing algorithm. The proposed algorithm uses spectrum reorganization, classification, block similarity, and a deringing filter to encode medical images. The coefficients of each wavelet tree are organized into a wavelet block to reduce image complexity. Following the spatial location of the block-gathering operation, classification and block similarity are used to further reduce the total bit rate. Meanwhile, quad-tree decomposition and a set of morphological filters for reducing the ringing artifacts is presented. This set of filters employs 8 predefined morphological operations, namely, 4 structuring elements (SEs), each of which includes both a dilation and an erosion operation. The voting strategy is used to select the most suitable morphological filter for each block. Experimental results demonstrate that the proposed technique enhances the quality of the reconstructed image in both the peak SNR (PSNR) and perceptual results compared to JPEG2000 and set partitioning in hierarchical trees (SPIHT) given the same bit rate. © 2005 SPIE and IS&T.
Introduction
Rapid advances in medical technology lead to the widespread use of digital imaging techniques, such as magnetic resonance imagine ͑MRI͒, computerized tomography ͑CT͒, ultrasound ͑US͒, and x-ray images. However, medical images require significant storage space. Because of the limited network bandwidth and storage capacity limitations, the images must be compressed before transmission and storage. The demands of medical image storage and communication require good medical image coding methods. This paper proposes a new wavelet-based medical image coding scheme.
While image compression typically involves compressing images to a compression ratio ͑CR͒ϭ40 or 50, or even 100, medical image compression differs in the requirement that compression must not affect diagnosis. This is so because working with medical images involves not only questions of image quality but also of human life. Meanwhile, the lossy compression algorithm will be the primary research region. Since lossless compression methods were unable to achieve an increased CR, and mostly achieved a CR of only to 2 or 3, they were inadequate for use in hospitals from the data storage perspective. However, the quality of lossy compression is sufficient for reliable diagnosis, without compressed images remaining identical to the original. Numerous investigations demonstrate that the CR of lossy compression in medical images is up to 10 or higher, and does not influence tested image quality. The proposed technique aims to achieve a compression ratio of up to 10 or 20 without a noticeable artifact effect. In medical applications, which by nature involve the presentation of large volumes of digitized images, image compression is indispensable. Detailed descriptions of data compression and medical image compression topics can be found in the Refs. 1, 2, 3, 4.
The remainder of this paper is divided into four sections. Section 2 briefly describes ringing artifacts, while Sec. 3 present a novel coding method. Section 4 summarizes simulation results. Conclusions are finally made in Sec. 5.
Brief Review of Ringing Artifacts
Recently, many research centers have focused on the use of wavelet functions for compressing medical images. [5] [6] [7] Algorithms based on the wavelet transform 8 represent the current state of the art in image compression. One of the most representative algorithms of wavelet-based image coding is set partitioning in hierarchical trees 9 ͑SPIHT͒, which is a refined version of embedded zero-tree algorithm 10 ͑EZW͒. Chiu et al. 11 concluded that wavelet-based methods such as SPIHT are subjectively superior to JPEG compressed at a moderately high bit rate. However, the SPIHT developed ringing artifacts at rates above 12:1, which impact the diagnostic acceptability. In the work of Tai et al., 12 insignificant wavelet coefficients that correspond to the same spatial location in the medium subbands can be used to reduce the redundancy by a combined function proposed in association with the modified SPIHT. In high-frequency subbands, the modified SPIHT proposes a dictator to reduce the inter-band redundancy. The new still image compression standard 13 JPEG2000, another wavelet-based image coding algorithm, provides a better quality at a low bit rate and gives performance superior to that of SPIHT. Images coded at a medium bit rate suffer from loss of details and sharpness, as well as have various coding artifacts. Ringing, one of the coding artifacts, appears as small ripples around edge. To attain sufficient image quality for medium-bit-rate wavelet-based image coding, postprocessing is an efficient technique to improve the compression result. Also, for the fidelity of the medical image, our postprocessing method takes the original image into account.
A few deringing algorithms have been proposed recently and detailed descriptions of the topics can be found in Refs. 14 through 16. The deringing algorithm proposed by Shen and Kuo, 16 which is also described in JPEG2000 VM 7.0 ͑Ref. 13͒, is considered to be suitable as a postprocessor for JPEG2000. The deringing algorithm replaces each pixel value with a function of the values of neighboring pixels that are within a specified window. To avoid conflict with the aforementioned goal, i.e., smoothness at the shade regions and sharpness at edges, the deringing algorithm uses a number of adaptive noise reduction algorithms. Essentially, the deringing algorithm attempts to detect edges in the image in a different way to preserve them. Shen and Kuo also introduced the idea of image ringing artifact reduction through nonlinear filtering by using different kinds of potential functions. It is clear that modeling the compression noise in the space domain is a difficult problem, in particular in terms of ringing artifacts. Although it is hard to characterize the exact probabilistic model of the ringing artifacts, it is quite natural to assume that a threshold that is based on the subject visual quality bounds the amplitudes of these artifacts. The disadvantage is that most edges, as well as ringing artifacts, will be removed.
Medical Image Coder
The complete procedure includes a discreet wavelet transform ͑DWT͒, spectrum reorganization, classification, block similarity, and the deringing filer. The following subsections present detail on each procedure. Figure 1 presents a complete block diagram of the encoder for medical image compression. During decoding, the steps in the decoding process are inverted ͓using an inverted DWT ͑IDWT͔͒ and implemented in reversed order.
Spectrum Reorganization
The algorithm employs a parent-child relationship among the coefficients from subbands of the same orientation. These relationships hold for each dϭ2,3...,D, where D is the number of levels in the transform. We reorganize the coefficients of each wavelet tree into a wavelet block, as illustrated in Fig. 2 .
In the scheme, a buffer is used to store all the individual 8ϫ8 wavelet blocks for further processing. Each wavelet block comprises the coefficients at all scales and orientations that correspond to the image at the spatial location of the block. The concept of the wavelet provides an association between wavelet coefficients and what they represent spatially in the image. As for the spatial-frequency localization property of the DWT, large coefficients occur mainly because of the boundaries of the medical image.
Closely examining Figs. 3͑a͒ and 3͑b͒ reveals that the complexity is clearly reduced following reorganization. Spectrum reorganization can reduce complexity and make it suitable for hardware implementations.
Classification
Each wavelet block in the proposed coder discarded some low-energy coefficients, and the blocks can be classified into two types, ranging from smooth to complex, depending on the characteristics of the image. If the image is complicated, most of the DWT coefficients must be preserved. On the other hand, all the low-energy coefficients can be discarded. The steps involved in classification are described as follows, where the input is the wavelet coefficients after spectrum reorganization and the output is a class map.
Step 1. Select the eight coefficients from each 8ϫ8 wavelet block as shown in Fig. 4 . Calculate the activity value ϭv 1 2 ϩv 2 2 ϩv 3 2 ϩd 1 2 ϩd 2 2 ϩh 1 2 ϩh 2 2 ϩh 3 2 .
Step 2. IF Ͻw, then assign this block to smooth type.
ELSE assign this block to complex type.
Step 3. Quantize each smooth wavelet block.
The eight coefficients are chosen from the 8ϫ8 wavelet block because it contained significant wavelet coefficients of the lowest frequency subband and the medium frequency subband. The class information of every wavelet block is stored in a class map, and must be transmitted or stored in its entirety to ensure accurate reconstruction. Consider the overhead for the class map; in the case of 8ϫ8 block-based processing, it costs 1/64ϭ0.0156 bits/pixel, which is very tiny overhead to the overall bit rate. Table 1 presents experimental results from applying the classification algorithm herein and also lists the number of each class. The classification algorithm enables better control of the bitrate.
Block Similarity for Bit-Rate Reduction
Most medical images are dominated by a dark background. Importantly, medical images exhibit characteristics with the most significant amplitudes mainly in their central and boundary regions, while the high-contrast regions are totally flat and close to zero. The blocks assigned to the smooth type only contained one significant coefficient. These blocks displayed similarities that could be further exploited to reduce the bit rate in the novel method. The following method is used herein to discard insignificant blocks and increase the compression ratio.
For every block(i, j) in spectrum ␤ that was assigned as smooth type
Else Assign ␤ i, j as a significant block; Preserve it. The preceding algorithm discards insignificant blocks to reduce the bit rate, and achieves this without causing any visual degradation. The strategy herein works on correlated spectra. The previous section indicated that most regions are assigned to the smooth type following quantization, while strong similarities also exist among the other blocks. The preceding two phenomena are obvious in medical images and help to increase the CR.
For each significant block ␤ mn , the closest matching block ␤ kl it is sought, and ␤ kl is then used as the best match for ␤ mn . The sum of the absolute value of error from ␤ mn to ␤ kl is calculated as follows:
A block is defined as the best match when the absolute value of error between the two blocks is minimized. Clearly, the block similarity algorithm for bit-rate reduction and the only operations required are subtraction and addition.
Deringing Encoder and Decoder
Lossy wavelet-based image compression generally induces ringing artifacts around edges in the compressed image. These artifacts arise due to the fact that high-frequency components of the image are either annihilated or coarsely represented by the quantization process in wavelet-based coders. Due to the quantization effect of compression scheme, the fidelity of reconstructed image is reduced in terms of peak signal-to-noise ratio ͑PSNR͒ ͓see Eq. ͑10͒ in Sec. 4͔. Fidelity is important for transmission and preservation in medical image compression application. Hence, we proposed a postprocessing algorithm to suppress the compression artifact of the medical images and promote a CR and image fidelity as high as possible. The gray-scale morphology defines gray-scale dilation as an operation that selects the maximum pixel value from the mask window ͓the same dimension as the structuring element ͑SE͔͒ provided that the corresponding element in the SE window is one. Similarly, gray-scale erosion is defined as an operation that selects the smallest pixel value from the mask window, provided that the corresponding element in the SE window is one. Throughout the discussions that follow, we deal with digital image function of the form f (x,y) and b(x,y), where f (x,y) is the input image, and b(x,y) is an SE, itself a subimage function. Gray-scale dilation and erosion are represented as follows. Gray-scale dilation of f by b; denoted f b, is defined as
where D f and D b are the domains of f and b, respectively. The condition is that (sϪx) and (tϪy) must be in the domain of f, and x and y must be in the domain of b, where the two sets have to overlap by at least one element. Gray scale erosion of f by b: denoted f b, is defined as
where D f and D b are the domains of f and b, respectively. The condition is that (sϩx) and (tϩy) must be in the domain of f, and x and y must be in the domain of b, where the SE must be completely contained by the set being eroded.
To reduce the complexity and computation time, this paper considers only 3ϫ3 SEs and dilation and erosion. This paper uses 16 prespecified SEs, as shown in Fig. 5 , taken in 16 different directions, and measures their contribution to improving PSNR. For the wavelet-based encoded Fig. 8 Flowchart of the deringing encoder. Fig. 9 Flowchart of the deringing decoder. image, we calculated the statistical properties of improvement for 100 test medical images ͑Fig. 6 illustrates four images͒ and Table 2 lists the results. Data analysis yields the following guidelines for filter design. Importantly, the experimental results show that SE1 to SE8 can enhance ringing image quality and that each SE can improve specific features of the ringing image. The filtering can select the four SEs that achieve the largest improvement in PSNR.
The ringing image has been divided into numerous blocks, as shown in Fig. 7 . For encoding, the voting strategy is used to select the most suitable filters; that is, these morphological filters are applied to each block in the ringing image, the error rate of each filter evaluated, and the filters with the lowest error rates are selected. To save space, this filter information must be further processed by lossless compression. Regarding the decoding, once the filter information is decompressed, all that remains to be done is to apply the exact morphological filter directly to each block.
The step-by-step algorithm of de-ringing encoder is described as follows where the input is the original image P, ringing image PЈ, the quad-tree partition threshold, the minimum block dimension, and morphological operations ͑four SEs with both dilation and erosion͒ OP͑1͒ to OP͑8͒ and the output is side information for deringing.
1. Step 1. Partition P and PЈ into unequal-sized blocks using quad-tree, calculate the absolute difference of every block,
diff(i)ϭabs͓ P(i)Ϫ PЈ(i)͔, where P(i)
and PЈ(i) are the corresponding blocks in P and PЈ.
Step Select an unprocessed block PЈ(i) and perform all eight morphological operations. Then save the morphological results following the eight operations, say, M PЈ(1) to M PЈ(8).
3.
Step
where j stands for pixel in a given block, select the smallest M PЈ(k), and check whether the block error is smaller than diff(i). If so, record the filter number. Otherwise, leave the block unchanged. 4.
Step 4. Repeat from step 2 until all blocks are processed. 5.
Step 5. Compress the filter information by entropy coding.
The step-by-step algorithm of the deringing decoder is described as follows where the input is ringing image PЈ, the threshold of quad-tree partition, the minimum block dimension, and morphological operations OP͑1͒ to OP͑8͒ and the output is filtered image Q.
Step 1. Copy PЈ to Q.
Step 2. Partition PЈ into unequal-sized blocks using quad-tree, as done by the deringing encoder.
Step 3. Select an unprocessed block PЈ(i) and apply the exact morphological filter to it. Assume that the filtered block is M PЈ(k).
Step 4. Replace the corresponding block in Q with M PЈ(k). However, if the side information of this block indicates that no suitable predefined filter exists, leave the block unchanged.
Step 5. Repeat from step 3 until all blocks are processed.
The threshold set͕w,x͖ are obtained from the empirical test repetitively. It can be adjusted dynamically to get the best result. Figures 8 and 9 displays flowcharts of the deringing encoder and decoder, respectively.
Bit-Rate Allocation
The space necessary to store the compressed medical image can be split into four parts: the bit stream of the complex type blocks, the bit stream of smooth type blocks with the index of block similarity, the overhead of the class map, and the index of deringing filter. The first part is denoted as:
where T c represents the total bits of complex type. This paper has noted that most regions are assigned to smooth type following quantization. The total bits of smooth type blocks can be represented as B s ϭB best ϩ͑number of smooth type blocks͒ ͑index of best match͒, ͑6͒
where B best denotes the total bits of selected best match blocks.
In the class map, the index of every wavelet block is always quantized to 1 bit in the novel algorithm. The value of B index depends on the size of the wavelet block, and can be represented as B index ϭ1͑rowϫcolumn͒/size of wavelet block. ͑7͒
For example, if the wavelet block size is 8ϫ8, the number of bits required to encode it is 4096 bits. The index of the deringing filter can be expressed as
where N n represents the number of nϫn blocks, and N 4 is the number of 4ϫ4 blocks. The value of B SE depends on the number of structuring elements, and can be represented as 
͑9͒
where ceil͕•͖ is the ceiling function, rounding all positive noninteger real numbers to the nearest larger integer. The factor of 2 is due to the use of both dilation and erosion filter options with each SE, and the additive term of 1 is due to the option of not using filtering at all for a particular block. The storage space required for the entire image is, thus, BϭB c ϩB s ϩB index ϩB ring .
Simulation Results
Sonogram, x-ray, and angiogram images were selected as test images. The data sets have the dimensions 512ϫ512, with 8 bits/pixel. Performance is evaluated by the following criteria: PSNR expressed in decibels. PSNR is a mathematical expression that can be calculated as PSNRϭ10 log 10 255
where T denotes the total number of image pixel whose size is nϫn, while x and xЈ represent the original and decoded pixels, respectively. PSNR has been widely accepted as a measurement of quality in the field of image compression. Additionally, JPEG2000, SPIHT, Ref. 12, and JPEG2000 using a VM 7.0 deringing filter are also employed to provide a comparison for judging the outstanding performance of the proposed method. This section tabulates the statistics on bit rate and PSNR. Total bit-rate consumption of the process is recalculated to include the side information. The total bit rate and PSNR are analyzed in Tables 3, 4 , 5. If the potential function (x)ϭmin͕rx 2 ,1͖, which is recommended by Shen and Kuo, is used, the size of the filtering window wϫw is 25. Table 6 lists average computational overhead of medical images required by this technique in comparison with JPEG2000 VM 7.0 deringing filter. It is clear from the preceding discussions that the proposed method is more efficient than JPEG2000 algorithm.
We display some filtered images in the proposed method. Figures 10 to 12 illustrate four images for each group, namely, the original image, the compressed image ͑compressed by JPEG2000͒, the reconstructed image, and the difference image between the original and decoded images. Clearly, the visual quality of the ringing images is improved.
The reconstructed image is shown in Fig. 10͑c͒ , which displays that it has a low bit rate ͑0.096 bits/pixel͒ and very high quality ͑PSNRϭ45.44 dB͒. Figure 10͑b͒ , generated by JPEG2000, illustrates that no difference was apparent between the original and decoded images. Meanwhile, the compression ratio and PSNR value of JPEG2000 is worse than with the proposed method. Figure 11͑a͒ presents an original x-ray image, while Fig.  11͑c͒ presents the decoded image. The bit rate of the decoded image is still low ͑0.34 bits/pixel͒, while the PSNR value is 40.29 dB. Meanwhile, Fig. 11͑d͒ illustrates the difference image. Finally, Fig. 11͑b͒ displays a JPEG2000-compressed image whose compression ratio is the same as that with proposed method while its PSNR is lower. Figure 12͑a͒ displays the third test image, which is a sonogram image. Meanwhile, Fig. 12͑c͒ presents the decoded image, where the bit rate is 0.53 bits/pixel when PSNRϭ37.07 dB. Finally, Fig. 12͑b͒ shows the JPEG2000-compressed image, where the compression ratio and PSNR value remain lower than with the novel method. 
Conclusions
This paper proposed a novel deringing algorithm for reducing ringing artifacts in wavelet-based medical image compression. The proposed algorithm uses spectrum reorganization, classification, block similarity, and a deringing filter to encode medical images. Spectrum reorganization involves wavelet coefficients at all scales and orientations that correspond to the image at its spatial location. From simple to complex, classification can preserve the characteristics of an image. Meanwhile, block similarity discards insignificant blocks to reduce total bit rate. The deringing filter refers not only to the ringing image but also to the original. A total of eight predefined morphological operations are used in the novel algorithm, including four SEs with both dilation and erosion. The voting strategy enables the deringing encoder to select the most suitable morphological filters for the ringing image. Meanwhile, the deringing decoder applies these morphological filters to the ringing image to enhance image quality. This technique improves the quality of the reconstructed image compared to JPEG2000, SPIHT, Ref. 12, and JPEG2000 using VM 7.0 deringing filter, including both PSNR and perceptual results.
The proposed deringing filter is quite simple and effective compared with those methods implemented on frequency domain in Refs. 14 and 15. Owing to its low complexity, the proposed filter is very suitable for hardware implementation. In the JPEG2000 VM 7.0 deringing filter, ringing artifacts are greatly reduced in terms of visual quality. However, the PSNR improvement is not significant or even decreased after the ringing artifacts are removed by their proposed strategy. For the removal of ringing artifacts of medical images, our proposed approach shows that the quality of the reconstructed images can be improved significantly in terms of both visual inspection and PSNR. Also, due to the fidelity preservation of the proposed deringing method, it is compromising in stretching wavelet compression of medical images to lower bit rates.
